ABSTRACT: Water runoff and sediment transport from agricultural uplands are substantial threats to water quality and sustained crop production. To improve soil and water resources, farmers, conservationists, and policy-makers must understand how landforms, soil types, farming practices, and rainfall interact with water runoff and soil erosion processes. To that end, the Iowa Daily Erosion Project (IDEP) was designed and implemented in 2003 to inventory these factors across Iowa in the United States. IDEP utilized the Water Erosion Prediction Project (WEPP) soil erosion model along with radar-derived precipitation data and government-provided slope, soil, and management information to produce daily estimates of soil erosion and runoff at the township scale (93 km 2 [36 mi 2 ]). Improved national databases and evolving remote sensing technology now permit the derivation of slope, soil, and field-level management inputs for WEPP. These remotely sensed parameters, along with more detailed meteorological data, now drive daily WEPP hillslope soil erosion and water runoff estimates at the small watershed scale, approximately 90 km 2 (35 mi 2 ), across sections of multiple Midwest states. The revisions constitute a substantial improvement as more realistic field conditions are reflected, more detailed weather data are utilized, hill slope sampling density is an order of magnitude greater, and results are aggregated based on surface hydrology enabling further watershed research and analysis. Considering these improvements and the expansion of the project beyond Iowa it was renamed the Daily Erosion Project (DEP). Statistical and comparative evaluations of soil erosion simulations indicate that the sampling density is adequate and the results are defendable. The modeling framework developed is readily adaptable to other regions given suitable inputs.
Introduction
Soil erosion by water poses one of the foremost environmental challenges in agricultural landscapes. Topsoil loss reduces agricultural productivity (Fenton et al., 2005) , and sediment and runoff delivery to downhill and downstream locations causes ecological and economic damages (Pimentel et al., 1995; Uri, 2000) . Soils store and release water and nutrients, so changes in their capacity to do so directly impact agricultural productivity and water quality (Hatfield et al., 2013) . Thus, understanding soil degradation dynamics induced by water is critical to ensure improved agronomic, economic, and environmental outcomes. This can be accomplished by reducing current erosion rates from an order of magnitude or more (Montgomery, 2007) than the rate of soil formation .
Soil erosion is the process of particle translocation that depends on biophysical and human factors. It is often categorized into erosion by water, wind, or tillage, of which rainfall and runoff are the primary drivers of soil erosion in humid regions like the Midwestern United States. Rainfall and runoff exert erosive forces on soil, but the degree to which soil is eroded by water is also highly dependent upon topography, soil properties, antecedent soil conditions, and anthropogenic factors including agricultural management and conservation practices (Browning et al., 1947) . The interactions between rainfall and underlying biophysical parameters are complex, creating large spatiotemporal variability in the resulting soil erosion rates.
Measuring soil erosion across large regions (e.g. the Midwestern United States, an area in excess of 500 000 km 2 [200 000 mi 2 ]) at high spatial resolution would thus be a resource-intensive proposition and is an excellent application for models that have been proven to be reliable estimators of soil erosion rates (Tiwari et al., 2000; Quinton, 1994) . When combined with an appropriate analytical framework and reliable input data, a soil erosion model generates results comparable to in-field measurement methods without the required investment in field-or basin-scale monitoring. Model output can be used to prioritize sub-regions for soil and water conservation investments. Such assessments have become increasingly necessary due to the environmental impacts of agriculture and limited resources available to address these challenges.
Climate variability and associated higher frequency heavy events (Villarini et al., 2013 ) is exacerbating regional soil erosion. The amount, frequency, and intensity of precipitation in the north central United States is increasing (Todd et al., 2006; Karl and Knight, 1998) . The magnitude of extreme individual events is increasing, and projections are this trend will continue (Soil and Water Conservation Society (SWCS), 2003; Pryor et al., 2014) , further compounding the problem that most soil erosion occurs during heavy rain events (Larson et al., 1997) . This concern amplifies as soil erosion is estimated to increase by a factor of 1.7 relative rainfall intensity (Nearing et al., 2004) . Thus, understanding the impact of individual rainstorms, the cumulative impact of these storms, and the impact of management choices on soil erosion is critical; a spatially and temporally resolute regional modeling approach could yield important insights.
Such a model, the Iowa Daily Erosion Project (IDEP), was developed and implemented for the state of Iowa, USA by Cruse et al. (2006) . The IDEP used soils, topography, and crop management information obtained from sample locations in the United States Department of Agriculture (USDA) Natural Resources Conservation Service (NRCS) National Resources Inventory (NRI) (Nusser and Goebel, 1997) as inputs to the Water Erosion Prediction Project (WEPP; Flanagan and Nearing, 1995; Flanagan et al., 2007) soil erosion model. This was combined with rainfall data from Next-Generation Weather RADAR (NEXRAD) and meteorological information from the Iowa Environmental Mesonet as inputs to the WEPP soil erosion model resulting in daily simulations for 17 848 simplified agricultural hillslope locations within Iowa. The project generated and reported daily estimates of average precipitation, runoff, soil moisture, and soil erosion at the township scale (93 km  2 [36 mi   2 ]) across Iowa. The IDEP, although innovative, is reliant on access to the confidential NRI database that is updated only every five years, and thus not able to reflect changes in yearly crop cover and land management. It was also not readily scaled to smaller watersheds of interest to resource managers. However, during the decade following the IDEP development, advances in remote sensing created opportunities to obtain high-resolution geospatial data with respect to topography (Gelder, 2015) and enabled yearly residue cover (Gelder et al., 2009; Tomer et al., 2015) and tillage practice estimates (Gelder et al., 2008) . When these inputs are combined with updated soils and meteorological databases, a more accurate and timely picture of the factors influencing soil erosion can be drawn. As these data sources are not reliant on the NRI database, they are free of the aforementioned constraints that limited the application of the IDEP framework. As these improvements to the prototype system of Cruse et al. (2006) proceeded and the boundaries were extended beyond Iowa, the effort was renamed the Daily Erosion Project (DEP). The goals of the DEP are thus to leverage real-time remotely sensed and spatially distributed inputs to model sheet and rill soil erosion and water runoff at the hillslope scale and report these results for small watersheds. The objectives of this paper are therefore to: (1) describe a modeling and database input structure suitable for remotely sensed inputs and reporting at the small watershed resolution; (2) test stability of soil erosion estimates based on hill slope sampling density; and (3) compare DEP estimated sheet and rill soil erosion values to NRI statewide erosion estimates within the period encompassed by existing DEP databases. The paper will thus be divided into three sections which introduce and address each of the three main objectives.
Materials and Methods 1
The four major DEP components are: (1) the soil erosion model (WEPP); (2) the soil, topography, and land management input databases; (3) the meteorological databases; and (4) the sampling and scaling approach for the daily modeling and reporting, respectively, of hillslope soil erosion and water runoff. Annual and daily data pre-processing and daily postprocessing routines combine the appropriate components and generate output for the website (Figure 1 and Table I ). Substantial revisions from the first version (Cruse et al., 2006) include complex (versus uniform) hillslope modeling capable of preserving structural conservation practices, annually updated remotely sensed land use and remotely sensed soil management databases (rather than NRI-supplied information obtained every five years), and hydrological (rather than geopolitical) discretization of the region for analysis and reporting. Outputs reported for each small watershed currently include average daily precipitation, runoff, soil detachment per hillslope, and delivery, or translocation, of detached sediment to a downslope position where we estimate ephemeral gulley erosion processes dominate.
Water Erosion Prediction Project (WEPP)
The WEPP hillslope model is used for the DEP (and IDEP) as it can readily simulate event-based erosion using high temporal resolution precipitation data. WEPP simulates the rill and interrill erosion process from rainfall and runoff, i.e. erosion that occurs uniformly across the surface or in small concentrated channels that form in random locations. It then estimates the spatiotemporal distributions of soil detachment, i.e. any soil movement on the hillslope, and sediment delivery, i.e. that soil moved beyond the terminus of the hillslope. The basic element for which WEPP is implemented is a hillslope, which has a unit width of 1 m and consists of one or more overland flow elements (OFEs). An OFE is a hillslope segment that represents a unique combination of slope, soil type, and land use.
Studies have validated the accuracy and unbiasedness of WEPP erosion estimates and confirmed its applicability in a broad range of conditions (Tiwari et al., 2000; Laflen et al., 2004) . Motivations to select WEPP for this project include its capability to rapidly run continuous daily simulations of runoff and erosion on complex hillslopes. The DEP executes WEPP as a continuous simulation model to generate daily estimates of runoff, soil erosion, and soil moisture across the modeled region. The WEPP model simulation is supplied daily meteorological data, and the field specific crop and soil management parameters needed to run the model are assembled in an annually updated database.
Surface inputs databases
WEPP requires topography, soil properties, and agricultural land management information in addition to weather. Simplified uniform slopes from the NRI were the only topographic information available in the first iteration of this project (Cruse et al., 2006) . However, actual hillslopes are usually complex and experience varying levels of erosion and/or deposition at different points along the slope (Rieke-Zapp and Nearing, 2005) . For the DEP, high-resolution topographic data are used to construct discrete hillslopes for modeling erosion. These data were processed with custom algorithms (Gelder, 2015) to generate an enforced 3 m [9.8 ft] digital elevation model (DEM) of each small watershed. This spatial resolution was used to perform all further elevation analyses unless specified. These algorithms result in hydrologically accurate elevation models by removing major impediments to flow such as roads and railroads but maintaining natural depressions such as (Soil Survey Staff, 2014) . A custom extraction process was developed to generate WEPP soil files from the texture, coarse fraction, organic matter, and cation exchange capacity (CEC) information in the gSSURGO database. WEPP simulates other soil properties using pedo-transfer functions.
The final component of the DEP surface input database is management, which is separated into crop sequence and plant-growth parameters, and tillage practice; both are determined for every agricultural field greater than 6.8 ha in the region. The field boundaries and crop sequences come from the Agricultural Conservation Planning Framework (ACPF; Tomer et al., 2015) . ACPF cropping sequences are determined using the USDA National Agricultural Statistics Service (NASS) Cropland Data Layer (CDL) (USDA, 2014) which is updated annually and was found to be accurate greater than 95% of the time (Gelder et al., 2008) . Currently a nine-year sequence (e.g. [2008] [2009] [2010] [2011] [2012] [2013] [2014] [2015] [2016] ) is derived from each field's actual crop history. The current year's crop(s) (e.g. 2017) for each field is a repeat of the crop two years prior in the sequence; two years was chosen due to the common corn/soybean rotation in most of the domain. An additional 'warm up' year (e.g. 2007) is used to establish realistic crop growth and antecedent soil moisture conditions at the beginning of production runs due to limited information on initial soil moisture and residue conditions.
Common regional planting, harvesting, grazing and haying dates for each crop or plant were assigned based on the USDA Field Crops Usual Planting and Harvest Dates (USDA, 2010) for each region, resulting in an Iowa statewide corn planting date of April 30, while soybeans are planted on May 5. Wheat, barley and oats are spring planted small grains in Iowa, and all are planted on April 5. Hay is cut three times and grazing on pasture was at the rate of 1 cow/0.4 ha (1 cow/acre) from May 1 to October 15. Tillage dates occur five days prior to planting operations. Dates are modified from those given appropriately according to listed regional practice.
Other plant parameter values used were those suggested by Arnold et al. (1995) for all values other than growing degree days (GDDs) to maturity, and the biomass energy ratio, which modifies potential growth rate per unit of photosynthetically active radiation. As in IDEP (Cruse et al., 2006) GDDs were only modified for corn and soybeans, as maturity varies widely by latitude. Corn GDDs are varied according to regional observation (see http://firstseedtests.com/index.shtml for example maturities) and soybean GDDs to maturity were based on regional corn practices but reduced or increased to account for average GDDs lost or gained by the change in respective regional planting and harvest date described earlier.
The biomass energy input ratio was modified for corn, soybeans, sorghum, grass (for hay, pasture, and no cutting or grazing), oats, wheat, and barley upon common regional practice and expected average annual production. This is similar to the process used in IDEP (Cruse et al., 2006) but using data from both Iowa and Kansas to better reflect the larger domain. Ten major soils that cover a range of textures from gravelly silt loam (Salida) to fine sand (Chelsea and Sarpy) to loam (Clarion and Kenyon) to silt loam (Ida, Fayette, Grundy, and Napier) to clay loam (Shelby) represent soil variability across the region and were used to estimate average annual plant biomass production. As the domain expands significantly into new areas, new plant parameter files will be developed. A 1000-year climate file was generated for WEPP using CLIGEN (Climate Generator; Nicks et al., 1995) for the center of each of three regions of both Iowa and Kansas (the states are divided into thirds north-south). WEPP was then operated for continuous production of the earlier listed crops for the 1000-year period for each soil for each region. Average crop yields were determined for these 1000-year model runs, and the biomass energy ratio was adjusted to give yields comparable with university trials in each region over a 17-year period from 1994 to 2011.
Tillage practices are inferred for each field using Landsat 7 and 8 imagery estimates of residue cover using the normalized difference tillage index (NDTI) relationships empirically derived by Gelder et al. (2009) refined by the minimum NDTI approach (Zheng et al., 2013) to determine a mean residue cover fraction for each management unit. These residue cover estimates are then assigned to the closest of six tillage intensity classes (Table II) used previously in the IDEP (Cruse et al., 2006) . The mean residue coverages for each of the tillage classes shown in Table II were estimated using the average WEPP interrill residue cover fraction at planting from a 100 year Des Moines, IA CLIGEN run (near the center of the domain) using DEP standard tillage practices and crops. If tillage practices for a field could not be assessed due to lack of clear imagery a regionally appropriate default tillage class is applied based on local expert knowledge.
After determination of crop sequence and tillage practice for each agricultural land parcel, the parcels are rasterized to enable referencing to the elevation and soils data. This georeferenced ensemble of topographic, soil, crop, and tillage management information is used to extract data to define WEPP OFEs as each unique combination of soil and/or management result in an OFE.
Meteorological data
The WEPP model requires the following meteorological data: daily high and low air temperature, solar radiation, average wind speed, average dew point temperature, and sub-hourly precipitation. All of the daily variables are gridded to 0.25°by 0.25°resolution using an inverse distance weighting (IDW) scheme from weather observations collected throughout the DEP domain by the Iowa Environmental Mesonet (Herzmann et al., 2008) . Precipitation variables are from the 0.01°by 0.01°resolution gridded estimates provided by the NOAA (National Oceanic and Atmospheric Administration) Multi-RADAR Multi-Sensor (MRMS) RADAR-Only 'Q3' product. This product provides precipitation at a two minute temporal resolution, however, it is impractical to provide full two minute interval resolution to WEPP, so an algorithm is run to collapse the two minute data into periods that retain precipitation intensities of at least one millimeter per two minutes; full details can be found at https://dailyerosion.org/docs/climate.phtml. Overall, the procedures used to generate meteorological data for the DEP are similar to those used for IDEP with improvements in spatial and temporal resolution and an increase in spatial extent.
Sampling framework A goal was to generate at least 75 to 100 hillslopes estimates per HUC12 to ensure a large population from which to estimate the HUC12 average while maintaining runtimes less than six hours across the domain. A stratified random sampling approach was implemented to ensure hillslopes were distributed across each HUC12. Each HUC12 watershed is thus separated into hydrologically-determined sub-catchments, which serve as the stratified sampling structure from which agricultural hillslopes are randomly selected. This is done using two TauDEM (terrain analysis using digital elevation model) (Tarboton, 2014) methods; the Peuker Douglas stream definition method that employs a constant channel drop approach (Tarboton and Ames, 2001 ) to define channel segments by similar channel slope, and the subsequent Stream Reach and Watershed method to establish sub-catchments (Figure 2) . The Peuker Douglas approach provides stream length analysis parameters that can be adjusted to determine the number of sub-catchments per watershed. These parameters were set to produce sub-catchments of about 100 ha on average. However, these parameters were modified in watersheds with floodplain lowlands and steeply sloping uplands, something often found in areas like the loess hills of Western Iowa to generate sub-catchments near the 100 ha average. The final number of sub-catchments thus depends on both the size, shape and topography of each watershed.
Flowpaths were identified for sub-catchments containing a minimum of 25% cropped and pastured land, i.e. agricultural land; this allowed removal of primarily non-agricultural subcatchments from consideration. The threshold is adjusted iteratively up to a maximum of 95% agricultural land in an effort to define at least 75 ag sub-catchments and preferably less than 200 ag sub-catchments within each HUC12 so watershed average results are reliable and produced by about 7:00 a.m. local time.
Within each agricultural sub-catchment one randomly selected flowpath is identified; all grid cells on agricultural land with a flow accumulation of zero (FA0) are the domain of potential flowpath initiation points. These flowpaths are the basis for the erosion estimates in models such as WEPP and RUSLE (revised universal soil loss equation) and should begin where runoff initiates and terminate where concentrated flow erosion processes dominate. The D8 flow algorithm is used and is limited in that it only routes flow in one of eight possible (Tarboton, 1997) . As a result, cells that are not on the steepest path of descent can be FA0 cells but would not be identified as locations of runoff initiation. Thus, in an attempt to remove flowpaths that are overly short and produce erroneously low results, in sub-catchments where a flowpath has a maximum flow length greater than 44 m (or two times the USLE unit plot length) the selected flowpaths are arbitrarily limited to those with a flow length greater than 22 m. Once the FA0 cell within the sub-catchment is randomly selected, the D8 flow direction method is used to determine the subsequent cells into which water would flow. Flowpaths terminate when non-agricultural land uses are encountered or when flow is interrupted by physiographic features described in the elevation processing section, examples include road ditches, agricultural terraces, or potholes. Additionally, flowpaths are truncated when collective flow begins to dominate the flowpath. Collective flow is estimated using a Strahler grid order raster where:
Strahler order is defined as follows: A network of flow paths is defined by the D8 Flow Direction grid. Source flow paths have a Strahler order number of one. When two flow paths of different order join, the order of the downstream flow path is the order of the highest incoming flow path. When two flow paths of equal order join, the downstream flow path order is increased by 1. (Tarboton, 2014) DEP flowpaths are arbitrarily truncated where the Strahler grid order becomes greater than four. Truncation limits inclusion of excessively long flowpaths or modeling of landscape areas that may experience soil erosion processes for which the WEPP hillslope model should not be applied due to substantial runoff concentration (i.e. ephemeral or classical gully erosion). The grid order approach selected results in DEP hillslope lengths within Iowa similar to those defined from the NRI in IDEP and results in variable flowpath lengths that depends on geomorphology, rather than a simple flow accumulation threshold. The cells included in the flowpath are then exported to a flowpath raster file and a flowpath length raster file is also created to define distance from flowpath initiation. The DEM, flowpath, and flowpath length rasters are then registered to the geospatial database of topographic, soils, and management information. The slope for each OFE segment is calculated from the flowpath length raster (i.e. distance from FA0) and the elevation from the DEM. Slope is not directly calculated from the DEM for two reasons: most geographic information system (GIS) slope calculations include elevation change in both X and Y directions, not just down the slope. Additionally, calculation of slope at every raster cell would often create more than the maximum number of OFEs allowed. The slope, soil, and management data corresponding to each OFE is then written to a file for WEPP input.
Results and Discussion 1
Approximately 290 000 flowpaths in the Midwestern US domain have been generated and modeled for the project at present. WEPP model runs begin after precipitation data through midnight have been received, typically around 1:00 a.m. with completion by 7:00 a.m. local time. After each daily WEPP simulation is complete, the output values for all flowpaths within a HUC12 watershed are averaged and a map of current and previous daily results for the current model domain is made accessible on the Internet at https:// dailyerosion.org.
Primary DEP outputs include precipitation, runoff, soil detachment, and soil delivery averaged across all modeled hillslopes in a watershed and can be viewed at https:// dailyerosion.org. Daily values demonstrate sensitivity to soil, topography, weather, and land management inputs and results can be cumulated to any time period of interest. Localized high intensity rainfalls were documented on numerous dates as were elevated runoff and soil erosion estimates. To facilitate easy investigation of these extreme events each watershed has a linked 'Top 10' list for each DEP output. For example, see https://dailyerosion.org/map/#20080601/20080615/qc_ precip/-93.96/42.30/7/070801020103, this static link contains a DEP parameter identifier (ID), a date or date range ID, zoom level and center ID, and watershed ID for HUC12 070801020103; this was during an extremely wet spring in Iowa that resulted in hundreds of millions of dollars of flood damage. Occasionally estimates are not available for a watershed due to errors in the elevation model or land management input processing or while meteorological input datasets are being generated in new areas. In these cases, no DEP estimates are generated for the watershed; these omissions are resolved as soon as possible.
Soil delivery output
Soil erosion estimates (Figure 3 ) exhibit a trend primarily driven by topography and land management practices, but also reflect the trend of precipitation increase from northwest to southeast across the domain. Western Iowa, dominated by row crops planted on steeply sloping (> 10%) loess hills, exhibits the largest estimates of erosion, up to 675 tonnes/ha or 75 tonnes/ha/yr for the nine-year period of record. North-central Iowa, dominated by a row of crops planted on a low slope (0-10%), poorly drained post-glacial landscape, exhibits the lowest estimates of erosion along with southeast Kansas, an area dominated by pasturelands that are not regularly cultivated.
Transferability
Model transferability to other locations is primarily limited by availability of datasets capable of creating the WEPP model input databases, however, it bears mentioning that the pedotransfer functions used to estimate soil properties, have not been strongly verified outside the United States, and thus may be suspect, especially on tropical soils which are uncommon in the Unites States.
High resolution precipitation data, similar to that used in DEP, is available in many regions and countries, including Western Europe, parts of Australia and Canada and China. A lower spatial and temporal resolution rainfall product is available globally from the US National Aeronautics and Space Administration (NASA) Global Precipitation Monitoring Mission (GPMM; Hou et al., 2014) . It should be noted that higher rainfall intensity drives higher erosion estimates (Meyer, 1981; Watson and Laflen, 1986) , thus large differences in spatial and temporal resolution of precipitation inputs would likely result in resolution-influenced results. The WEPP model is less sensitive to temperature and wind speed and could be captured locally with little effect on results.
High resolution topography data, similar to that used in DEP is not widely available globally but many locations have higher resolution data from a number of different sources such as opentopography.org. Global 30 m elevation data is available from Shuttle Radar Topographic Mission (SRTM) and Advanced Spaceborne Thermal Emission and Reflection Radiometer 1110 B. GELDER ET AL.
(ASTER) topographic maps. It should be noted that studies (Amore et al., 2004; Zhang et al., 2008) have shown that erosion estimates are sensitive to resolution alone. Crop cover and management databases and soil property databases are the most limiting datasets as global sources of these data do not exist at the hillslope level on which WEPP is normally operated. The authors know of no global crop datasets better than the 0.083333°× 0.083333°km MODIS (moderate resolution imaging spectrometer) land cover (Channan et al., 2014 ) maps available at landcover. org. However, this dataset, and the only other known global dataset from AVHRR (advanced very-high resolution radiometer, Hansen et al., 1998) , do not differentiate crop species, so assumptions would have to be made. Many regional datasets, such as the CDL (Boryan et al., 2011) used in DEP do exist at finer spatial resolution with crop specific classifications. Tillage management information is even more limiting as there are no known global or regional tillage-based datasets.
Soil property databases are less limiting, with the 250 m SoilGrids.org (Hengl et al., 2017; Shangguan et al., 2017) as the best known global dataset. It uses machine learning algorithms to estimate WEPP's primary soil property inputs of sand, silt, clay, and rock fraction, depth to restricting layer, organic matter content, and cation exchange capacity. There also exist many national and regional soils property datasets (Rossiter, 2016) . The HUC12 watershed sampling framework that DEP uses is not a requirement for erosion estimation but has been found to be a good solution to estimate erosive loads at the small watershed level as well as potentially finer resolution. Estimation at the geopolitical level, such as US states, counties, or townships, should be supported as long as enough hillslopes are sampled to generate a robust estimate.
Materials and Methods 2
Evaluation of soil erosion simulation density Statistical stability and robustness of model estimates is important for generating an accurate estimate of erosion across the domain. The statistical validity of sampling one flowpath per sub-catchment was tested by comparing HUC12 watershed daily average runoff and soil erosion values against the daily average estimates using up to 10 generated and modeled flowpaths for each sub-catchment in a given HUC12 watershed. To ensure the sampling methodology was distributed across different landforms and land uses, three HUC12 watersheds were randomly selected from each of the 10 major land resource areas (MLRAs) in Iowa. For 2007 to 2014 the total daily soil erosion was simulated in each of these 30 HUC12 watersheds using a one flowpath per sub-catchment, low sampling density (LD) framework (the current method utilized by the DEP) and an up to 10 flowpaths per sub-catchment, high sampling density (HD) framework. For some sub-catchments the sampling methodology prevented the generation of 10 flowpaths (such as those with limited agricultural land) and in those cases the actual number of flowpaths within the sub-catchment was used for statistical testing. The purpose of these simulations was to test the impact of sampling density and its interaction with landscape factors, thus a single climate file was used for all simulations in order to limit the variables under investigation. A difference between the LD and HD daily mean values was calculated for each day where at least one method provided a non-zero result. The period used for this analysis was 2008 through 2014, discarding 2007 as an equilibration year to ensure all model parameters started with reasonable values. Pooled variance t-tests were conducted for each daily difference of the LD and HD means to test the null hypothesis that the estimated soil erosion rate does not change under increased sampling density (i.e. the difference between the LD and HD means is not statistically significantly different from zero at the p = 0.05 significance level). Additional descriptive statistics and mapping were used to investigate the differences between the LD and HD methods with the goal of identifying any potential relative biases introduced into the DEP framework by switching from one density to the other.
Cumulative sums were calculated for each parameter in each HUC12 for the study period as an alternative investigation into variability and bias. A difference was then calculated between the cumulative values of the parameters by subtracting the HD totals from the LD totals for each HUC12 and the resulting differences were plotted against the number of flowpaths in the LD sampling methodology for that HUC12 (Figure 4) . The result is essentially a residual plot that treats the LD values as the 'observed' and the HD values as the 'predicted' parameter values.
Results and Discussion 2

Soil erosion simulations evaluation
Daily estimated soil erosion rates vary substantially depending on the spatial and temporal distribution of rainfall as it interacts with topography, as would be expected. The distributions of daily means using LD and HD showed that apparent differences between the methods were slight despite large overall variability. The HD method yielded slightly lower mean, median and maximum values than the LD method. Although the HD method reduced these values, it also had more days with non-zero observation values, thus the cumulative parameter values over the study period were more stable as discussed in further detail later. Histograms of the differences between the daily means derived using the LD and HD ( Figure 5 ) revealed distributions that were grossly normal and symmetrical with large peaks centered at zero for all three parameters investigated (runoff, soil detachment and sediment delivery). If switching from LD to HD sampling methods introduced a bias, these distributions would have been significantly skewed, so the symmetrical shape is strong evidence that overall the LD and HD methods performed similarly.
Box and whiskers plots for DEP output estimates for each HUC12 by year (representative example in Figure 6 ) were also generated to investigate whether the mean, quartile range, and outliers were well represented by the one sample per subcatchment versus an increasing number of samples, up to 10. The t and p statistical values presented below the figure (Figure 6 ) are from a t-test testing the 10 sample means versus the population of samples at the given sampling amount and do not show significant differences from 10 samples; the values are obviously perfect in the case of 10 samples. A correlation plot (Figure 7 ) of sediment detachment estimates by HUC12 for 2014 shows that one sample and 10 sample estimates are well correlated and not significantly different from the expected 1:1 line.
Daily mean difference values between LD and HD estimates were further investigated using pooled variance p-tests on the daily mean value differences (with significance level of p = 0.05). This revealed the overall failure rate for the sampling period was less than 5% for all three parameters (runoff, soil detachment and sediment delivery). Some individual HUC12 watersheds in the sampling group exceeded a 5% failure rate, so further investigation was performed by using the p-test failure rate to generate maps like the runoff map shown in Figure 8 . The maps revealed that the HUC12s with high p-test failure rates were not concentrated in one MLRA or geographic area of the state. Additionally, comparison of the runoff, soil detachment and sediment delivery maps revealed that the HUC12s with higher failure rates were not consistent across parameters (i.e. the same HUC12s did not have high failure rates in runoff, soil detachment and sediment delivery). As landform was not found to be the driving factor behind p-test failure rate, further descriptive statistics were used to determine that the HUC12s with high numbers of significant differences between the daily means derived using the LD and HD methods generally had higher numbers of sub-catchments and thus more flowpaths, which led to more degrees of freedom and greater statistical power to identify small differences in p-tests. As the goal of using statistical testing was to attempt to identify a simple method for finding systemic variability and bias introduced by switching from an LD methodology to an HD methodology the daily mean p-test failure rate showed no correlation to changes in means or total differences and was therefore abandoned as a method of further analysis.
The residual testing method showed the clearest picture of what happens when there is a switch from LD to HD. The HUC12s with the lowest LDs had the largest differences between LD and HD with a narrowing trend as LD increased. Variability in differences between sampling methods appears to stabilize above~75 flowpaths for runoff and~100 flowpaths for soil detachment and sediment delivery.
As mentioned earlier, the algorithms used to create the sub-catchments and flowpaths were designed to exclude non-agricultural land, so HUC12s with lower numbers of sub-catchments and flowpaths are those dominated by other land uses (cities, towns, forests, etc.). The areas where the largest differences occurred by switching from the LD to the HD sampling methods were therefore those areas of the state with the smallest percentage of agricultural land. Since prediction of erosion on agricultural land is the express purpose of the DEP, an increase of standard DEP sampling density to the HD methodology would provide very little gain in the overall reliability and data stability of the project. Additionally, an increase of standard sampling to HD would require a concomitant increase in hardware and would therefore be a waste of resources. Future versions of the DEP may conditionally increase flowpath sampling density in HUC12s with small numbers of sub-catchments to ensure the total number of flowpaths modeled in each HUC12 falls above 100, if possible. However, to reiterate, gains made in data stability and reliability seem likely to be marginal due to the non-agricultural nature of these areas.
Materials and Methods 3
Regional simulation assessment Assessment of the reasonableness of regional DEP soil erosion estimates is difficult as few comparable datasets exist; thus models like DEP typically rely on the accuracy of the input datasets to ensure output accuracy. The most comparable dataset is the USDA NRI statewide soil erosion estimate for the state of Iowa, where DEP has full coverage. The NRI estimates statewide soil erosion by water every five years using the long-term rainfall erosivity, or R factor, of the RUSLE model (Renard et al., 1997) . Thus daily, monthly, or yearly DEP numbers are not directly comparable with NRI, however longer term averages should converge. The two most comparable NRI estimates from 2007 and 2012 (USDA, 2015 were compared to the 2008 to 2016 DEP sediment delivery to the flowpath termination point for hillslopes in Iowa.
Results and Discussion 3
Regional simulation evaluation
The comparison of yearly average DEP hillslope soil delivery estimates for Iowa from 2008 to 2016 and the NRI sheet and rill erosion estimates every five years from 1982 to 2012 are shown in Figure 9 . The DEP model estimates are shown as well as the NRI estimates. Figure 9 graphically illustrates the annual (and finer) temporal variability that DEP captures by simulating erosion on an event basis instead of using the long-term rainfall erosivity approach used by the USLE family of models. DEP estimates low statewide erosion during the drought year of 2012 and higher erosion during the wet years of 2008 and 2014. However, capturing this spatial and temporal variability contributes to a large standard deviation for the DEP statewide estimates, as the yearly standard deviation is generally greater than the mean estimate itself. The DEP delivery estimate, when averaged over the nine-year period of record, is 13.40 tonnes/ha/yr which is below the 2007 and 2012 NRI average of 15.66 ± 0.8 tonnes/ha/yr (using a 1.96 standard deviation confidence interval; USDA, 2015). The NRI estimates use an annualized average erosivity from 30 years of mid-twentieth century rainfall records. There are a number of explanations for the approximately 15-20% lower erosion estimate from DEP, ranging from underestimation of rainfall or tillage intensity, to deposition on the complex DEP hillslopes, to flowpath selection or truncation errors. Thus, it should be noted that if the DEP detachment values are compared to the NRI delivery value it falls at the bottom end of the NRI confidence interval of the DEP (14.8 tonnes/ha/yr); this is relevant since NRI uniform hillslopes do not allow net deposition. Investigation will continue into the algorithms used to define these parameters.
Summary and Conclusions
Transferability
The DEP framework is readily transferred to other locations although input databases will have to be evaluated regionally to generate the best estimates. The WEPP model that underpins DEP should be applicable globally although it should be kept in mind that the pedo-transfer functions used to estimate soil properties have not been strongly verified outside the United States. Input databases for most inputs are available globally, although results obtained using different spatial and temporal resolutions are not likely comparable due to non-linear scaling of the erosion process.
Limitations and opportunities
It bears repeating that the DEP does not estimate gully or concentrated flow erosion or delivery to a river or stream. The DEP approach is currently being expanded to other neighboring states and has potential for evaluating future climate and/or land-use/land-cover change scenarios. Work is also underway to validate model output with monitoring data and to predict phosphorus movement and management impacts on flood volumes. The only known erosion model of similar scope is the initial version, the IDEP. The DEP graphically illustrates the factors dominating soil erosion such as topography, rainfall, and cropping practices and highlights the episodic nature of erosion by allowing estimation of erosion from each event. The accuracy of input parameters has been assessed and found to be of sufficient accuracy for use as model parameters, although work continues to continually update these parameters and incorporate emerging practices such as cover crops, which are being used to increase the amount of ground cover and for nutrient scavenging; work is already underway to do this.
The resulting estimates reported are not biased by sampling density and are similar to those estimated by the NRI for the state of Iowa using an entirely different methodology when averaged over multiple years. Also, the erosion rates observed are reasonable for an area, such as the Midwestern United States, dominated by maize (corn), soybean, and wheat crops; maize produces large amounts of residual biomass and soybean and wheat comparatively little. Additionally, all these crops, when produced in conventional or mulch tillage systems, leave the ground uncovered by vegetation for over half the year, especially in the spring when higher rainfall intensity and volume is likely. The magnitude of all these estimates indicate that significant portions of the Midwestern United States are eroding at levels well above what is considered sustainable in the long term, indicating much work remains for resource conservationists. Additionally, the results, when normalized by precipitation or management, can thus be used to identify highest-risk areas and prioritize conservation practice implementation. They can also be used to estimate and inventory gross yield losses due to long-term erosion impacts.
